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Abstract Work-related shoulder-neck pain is a major
health risk in computer operators. To understand the
physiological mechanisms behind the development of
these disorders, EMG recordings of some minutes up to
several hours must be accurately decomposed. For this
reason we developed EMG-LODEC, an automatic
decomposition software program, especially designed
for multi-channel long-term recordings of signals de-
tected during slight muscle movements. The subjects
executed a 30-min computer task to simulate real work
conditions while working at an ergonomically designed
workstation. Six-channel intramuscular EMG signals
were recorded from two positions of the upper trapezius
muscle. The EMG signals were decomposed into indi-
vidual motor unit action potential trains using EMG-
LODEC. The study design enabled us ﬁrst to study the
dependence of intramuscular analysis on the insertion
points and second to test the accuracy of the decom-
position technique under laboratory conditions during a
real experiment. The two positions yielded 887 motor
units – 452 located in position 1 and 435 in position 2.
Although the numbers of detected action potentials were
strongly correlated between the two insertion positions,
diﬀerent motor units were mostly recorded. In particu-
lar, the detection of continuously active motor units is
speciﬁc for the selected insertion points and may not be
representative of a muscle, not even for parts with
common functions. The approach for the quantitative
evaluation of the decomposition technique was to
independently decompose two signals that were simul-
taneously detected by separate sets of wire electrodes
placed close to each other in the muscle. Common trains
discovered in each signal were compared for consistency.
A cross-correlation analysis was performed to ﬁnd
corresponding motor unit pairs that were concurrently
active. Concurrently active motor units were found in six
subjects. For these motor units the extent of simulta-
neous occurrence of motor unit action potentials be-
tween the two positions ranged from 23% to 78%
depending on the distinction of the single motor units
and the number of superimposed motor unit action
potentials. High concordance was seen in 3 out of the 15
motor unit pairs. Based on the results, EMG-LODEC is
capable of providing reliable decompositions with sat-
isfying accuracy and reasonable processing time. EMG-
LODEC is suitable for the study of motor unit discharge
patterns and recruitment order in subjects with and
without musculoskeletal pain during long-term mea-
surements to study work-related musculoskeletal disor-
ders.
Keywords Accuracy Æ EMG signal decomposition Æ
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Introduction
Information about the structural and functional char-
acteristics of motor units (MUs) is highly relevant for
understanding both neuromuscular control (Buchthal
1985; De Luca et al. 1982a) and neuromuscular disor-
ders (De Luca et al. 1982b; Reiners et al. 1989; Sta˚lberg
et al. 1995). Intramuscular electromyography (EMG) is
a well-established procedure for the study of muscle
function. It has been shown to detect recruitment,
de-recruitment, and the ﬁring rate modulation of
concurrently active MUs generated during excitation
(Basmajan and De Luca 1985). Invasive techniques, e.g.,
employing needles or wires, have a high spatial resolu-
tion and are therefore suitable for the detection of single
MU activity. In recent years many diﬀerent techniques
have been developed to decompose intramuscular EMG
signals into basic units, either automatically or with
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some interaction from the operator (Gut and Moschytz
2000; Mambrito and De Luca 1984; McGill and Dorf-
man 1989; Ohlsen et al. 2001; Stashuk 1999). An excel-
lent review of current and past activities in
intramuscular EMG decomposition can be found in
Stashuk (2001). Most automated EMG analysis tech-
niques are developed for clinical short decomposition
(about 10 s), where constant muscle eﬀort guarantees
small shape-changes and regular activation patterns in
the EMG signals and are applicable only to single-
channel measurements (Gut and Moschytz 2000; McGill
and Dorfman 1989; Stashuk 1999). The problem is that
to understand the physiological mechanisms behind the
development of muscle fatigue, pain, and strain at low-
intensity work, EMG recordings from a minute up to
several hours duration must be accurately decomposed.
For this reason we developed EMG-LODEC (Electro-
MyoGram LOng-term DEComposition), an automatic
decomposition software program (Zennaro et al. 2002,
2003). In contrast to existing decomposition methods,
the decomposition software EMG-LODEC is especially
designed for multi-channel long-term recordings of sig-
nals of slight muscle movements. The decomposition of
these signals is highly dependent upon the valid identi-
ﬁcation of single motor unit action potentials (MUAPs).
It is obvious that the performance of the decomposition
technique aﬀects both the statistics of the interpulse
intervals and the MUAP waveform characteristics
(Shiavi and Negin 1974). Thus, it is important to assess
the accuracy of the decomposition technique. This is
especially essential when using ﬁne wire electrodes that
have been developed for long-term measurements under
dynamic muscle conditions. Needle electrodes are not
well suited for studying recruitment patterns under dy-
namic conditions. Muscle movement induces position
changes of the electrode in the muscle, which causes pain
and aﬀects the signal pick-up properties of the electrode
(Basmajan and De Luca 1985). Wire electrodes, on the
other hand, are ﬁxed to muscle ﬁbers due to the hook at
the wire end, the movements are much less painful
compared to using needle electrodes, and the baseline
levels of the EMG signals are less inﬂuenced by the
muscle movements (Kitahara et al. 2000). However,
there is no control of how the wire tips are positioned
relative to each other and to the muscle ﬁbers. For this
reason, the detected MUAPs are aﬀected in an unknown
way by the electrode technique and position. A very
important aspect in the intramuscular EMG research
ﬁeld is, therefore, the evaluation of performance of
decomposition techniques, a point not deeply investi-
gated in the past. At present, the two most common
methods for evaluating EMG signal decomposition re-
sults are: (1) the use of artiﬁcially generated signals with
known features as a reference (Farina et al. 2001), and
(2) the use of real measured signals decomposed by ex-
pert human operators as a reference (Mambrito and
De Luca 1984; Stashuk 2001). However, it is clear that
many physiological aspects in artiﬁcial signals are
completely disregarded (primarily related to long-term
signals). Furthermore, it has been shown that manual
decomposition is subjective to a certain extent, even if
performed by expert operators (Pilegaard et al. 2000).
In exploring the literature one ﬁnds that there are
several recommendations for standard surface electrode
position (Mathiasen et al. 1995). However, the optimal
site of recording for the decomposition of intramuscular
signals has yet to be investigated. There is a lack of
information pertaining to the best site, especially in the
trapezius muscle. A very close position would be optimal
to have identical information at the MU level, but on the
other hand it would not include any information on MU
dimensions. Thus, based on practical reasons a distance
of 2 cm was chosen in our experimental study design.
The purpose of this study was to assess the accuracy
of decomposition results using multi-channel wires in
two diﬀerent recording positions of the upper trapezius
muscle during prolonged computer work under labora-
tory conditions. Furthermore, the study design enabled
us to study the dependence of intramuscular analysis on
the insertion points.
Methods
Subjects
In total, 38 subjects (20 women and 18 men), ranging from 19 to
47 years of age [28.5 (6.2) SD], participated in the study. All sub-
jects completed the standardized Nordic questionnaire (Kourinka
et al. 1987) to obtain information about musculoskeletal disorders.
Of the 38 subjects, 15 reported no pain – no more than 7 days with
pain in the neck, shoulders, arms, wrist or ﬁngers during the past
12 months. The remaining 23 suﬀered from musculoskeletal pain in
the neck and/or shoulder regions. Approval was obtained from the
ethical committee of the University Hospital of Zurich, and sub-
jects gave their informed consent before participation.
Experimental procedure
The subject sat comfortably on a chair with back support. The
chair was adjusted to enable the subjects to sit with their thighs
horizontal and their knee joint at right angles. The desk was ad-
justed to a height such that, with relaxed shoulders, the upper arms
were vertical and the forearms could be placed horizontally and
parallel to the desk surface to support a relaxed position.
The subjects executed an interactive computer-learning program
[ErgoLight, (Guttormsen et al. 2000)] that was mainly mouse dri-
ven and lasted 30 min. The task consisted of pointing the cursor at
a target, activating it by clicking the mouse button, and then
moving and rotating the target until an optimal position was
obtained.
Experimental arrangement
Intramuscular EMG signals were recorded from two locations in
the trapezius muscle with electrodes that consisted of four ﬁne,
Teﬂon insulated, stainless steel wires with a diameter of 80 lm and
length of 15 cm (Science Products, Hofheim Germany). The ster-
ilized wires were inserted in a 26G hypodermic needle and twisted
at the needle tip to ensure stable ﬁxing within the muscle. The ﬁrst
four-wire electrode was inserted 2 cm medial and 1 cm above the
midpoint between the C7 spinous process and the acromion
(position 1). The second electrode was inserted 2 cm caudal to the
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ﬁrst one (position 2) (Fig. 1). The insertion angle was approxi-
mately 45 and the insertion depth around 15 mm (Basmajan and
De Luca 1985). The interelectrode distance was approximately 0.5–
3 mm. The needle was removed, leaving the electrode inside the
muscles. The wires were then ﬁxed to the skin and connected to a
diﬀerential ampliﬁer (Dantec Keypoint) equipped with an electri-
cally isolated preampliﬁer. The reference electrode was attached on
the C7 spinous process. Using one wire as the common connector,
two three-channel recordings were achieved. An anti-aliasing low-
pass ﬁlter ()100 dB/oct, cut-oﬀ frequency at 3 kHz) was applied to
the signal. The signals were sampled at 20 kHz and stored in binary
format on a hard disk.
Data analysis and statistics
The stored intramuscular EMG signals were decomposed into
individual MUAP trains using the automatic decomposition soft-
ware EMG-LODEC, as reported in detail by Zennaro et al. (2002,
2003). The program uses wavelet coeﬃcients, template matching,
template updating and superposition resolution to identify the
individual ﬁring times of the MUs. The identiﬁcation of speciﬁc
MUs was performed simultaneously for three channels without
operator interaction.
EMG activity was quantiﬁed with three outcome variables: (1)
number of MUs: number of detectable MUs in the vicinity of the
inserted wires, (2) number of MUAPs: sum of identiﬁed action
potentials of all detected MUs, and (3) mean duration of MU
activity: computation of all inter-spike intervals of MU ‘‘i’’. Those
exceeding 1 s were deﬁned as breaks and excluded from further
calculation. The remaining inter-spike intervals were summed with
the resulting period considered as the length of activity of a single
MU. The MUs were divided into three diﬀerent groups relating to
their duration of activity: (1) sporadically (less than 50% of the
experimental task), (2) intermittently (more than 50% and less then
90% of the experimental task) and (3) continuously active (more
than 90% of the experimental task).
The reliability of the three outcome EMG variables between the
two positions was elucidated by the calculation of the intraclass
correlation coeﬃcients (ICC coeﬃcients) (Karras 1997).
Method to test accuracy and reliability
To test the accuracy of the decomposition program, artiﬁcially
generated signals with known features were used as a reference
(Zennaro et al. 2002). For details on the procedure for obtaining
artiﬁcially generated intramuscular EMG signals, refer to Farina
et al. (2001). The achieved accuracy of the decomposition program
ranged from 92% to 100%, depending on the complexity of the
signals (e.g. the number of superimposed MUs). Those results
could lead to the assumption that such an accurate decomposition
generally results in reliable decomposition, but real signals are
characterized by a high degree of variability and unpredictability.
The decomposition program always represents a compromise be-
tween accuracy and the number of non-detected MUAPs. To make
statements about the reliability and accuracy of real measured
EMG signals, it is not suﬃcient to evaluate only the performance of
decomposition techniques. The recording techniques also inﬂuence
the acquired signals. The muscle force and the electrode type and
positioning all aﬀect the complexity and accuracy of identiﬁcation.
Thus, the reliability and accuracy of the decomposition program on
real EMG signals was tested in the following way: the long-term
recordings obtained from the two diﬀerent positions (positions 1
and 2) were recorded simultaneously and decomposed. To detect
the presence of MUAPs from the same MU in the two diﬀerent
positions, a cross-correlation analysis of the ﬁring time intervals
was performed (Basmajan and De Luca 1985). Cross-interval his-
tograms were constructed from pairs of MUs by calculating the
nearest forward and backward ﬁring recurrence times of the
alternate MU with respect to each ﬁring of a reference MU. Fig-
ure 2 shows how we calculated the forward and backward-ﬁring
recurrence times. The recurrence times were then used to increment
the bins representing the corresponding latencies in the cross-
interval histogram. A bin width of 1 ms was used. If there is no
relationship among the ﬁring times of the MUs, the cross-interval
histograms appear as a uniform distribution function. The proba-
bility of an occurrence is equal in all bins. The existence of peaks in
the cross-interval histograms indicates the presence of interdepen-
dence. To systematically assess the existence of MU relationships
Fig. 1 Schematic description of the insertion points of the wires in
the upper trapezius muscle
Fig. 2 Description of the forward and backward ﬁrst-order
recurrence times. Each motor unit action potentials (MUAP) of
the individual motor unit (MU) is represented by vertical bars. The
left hand side ﬁgures present the waveforms of the reference MU in
position 1 for the three channels. The left right hand side ﬁgures
illustrate the waveforms of the same MU in position 2
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and ensure that the peak is not an artifact of the random nature of
the interfering intervals, the number of occurrences in a bin must be
greater than the mean value at a 95% conﬁdence level. The conﬁ-
dence level was calculated on the basis of the mean value of number
of occurrences. This means that the number of occurrences must be
greater than 20% of the number of MUAPs in position 1 or po-
sition 2. For each peak, the peak amplitude and the coincidence
parameter were calculated. The peak amplitudes were deﬁned as
the number of occurrences in the bin within ±2 ms from the bin
with the highest number of occurrences (near 0 time delay). The
coincidence parameter represents the extent of simultaneous
occurrence of MUAPs between the two positions. This parameter
was expressed as the percentage of the peak amplitude divided by
the corresponding average value of detected MUAPs of positions 1
and 2.
Results
For the data analysis, we used a 800 MHz Pentium
desktop computer. The analysis of the EMG signals
takes between 30 and 120 min, depending on the MU-
APs activity of the signals.
Motor unit activity in the neighboring recording
positions
The decomposition program yielded 887 MUs - 452 lo-
cated in position 1 and 435 in position 2. The range of
detected MUAPs was between 5 and 107,490 MUAPs.
The mean ﬁring rates varied between 7 and 30 Hz. The
majority of MUs were active during only part of the
experimental session. Fifteen MUs were active during
more than 90% of the experimental task (range of MU
duration: 1406–1800 s). The intraclass correlation coef-
ﬁcient for the number of MUAPs between the two
positions was high (ICC coeﬃcient=0.85), as shown in
Fig. 3. A weak correlation was found for the number of
detected MUs between the two positions (ICC coeﬃ-
cient=0.27) (Fig. 3). The correlation for the number of
continuously active MUs was also moderate (ICC
coeﬃcient=0.51).
Accuracy of the decomposition results (concurrently
active MUs)
Concurrently active MUs were found in six subjects. The
occurrences of the peaks occur within ±2 ms of zero
time latency between the discharges. The highest peaks
were centered around zero time delay [0.21 (0.56) ms] for
all the simultaneously active MUs investigated. This
indicates that the relative time delay between two MUs
is due to the relative diﬀerence in the geometry and
location of the wires and the conduction velocity of the
axons innervating the MUs [mean muscle ﬁber con-
duction velocity in the trapezius muscle is approximately
4 m/s=4 mm/ms (Farina et al. 2002), i.e., time delay
should be less than a few milliseconds, because the
insertion points are oriented perpendicular to the ﬁber
direction].
Figures 4 and 5 showed the detailed ﬁring behavior
during the 30-min computer task in those six subjects,
where simultaneously active MUs in positions 1and 2
were observed. Out of the 30 individual MUs of the
concurrently active MUs, 14 were sporadically, 12
intermittently and 4 continuously active. Four MU
pairs ﬁred continuously in both positions during the
30-min computer task (range of MU duration: 1300–
1800 s). The other 11 MU pairs did not always ﬁre
continuously in both positions. The pairs had diﬀerent
recruitment and de-recruitment patterns. Some MUs of
those pairs ﬁred later or had some breaks during the
computer task (Figs. 4 and 5, MUs with the asterisks).
This is one reason why the percentage of concurrently
active MUAPs was not 100%, although clear evidence
of a relationship between the MUs was found. Figure 6
illustrates the ﬁring rates of an intermittently active
MU pair and a continuously active MU pair. The ﬁring
rates were obtained by passing the time series of the
interpulse intervals through a Hanning window and
inverting the output (Basmajan and De Luca 1985).
The ﬁring rate in the two positions are nearly identical.
Choosing parts of the 30-min recordings, the coinci-
dence resulted in 100% agreement for the observed
MU activity with a total of 2000 ﬁrings or more.
Generally, the amplitude and signal-to-noise-ratio
Fig. 3 The correlation of the number of MUAPs and number of
MUs between the two positions. The correlation for the number of
MUAPs between the two positions is high (ICC coeﬃcients=0.85),
meanwhile a weak correlation is found for the number of MUs
(ICC coeﬃcients=0.27)
529
(SNR) are discriminators that describe the quality of
intramuscular signals. The amplitudes of the 15 con-
currently active MUs’ MUAPs and the SNR ranged
from 45 to 200 lV and from 5 to 40 dB, respectively
[the SNR has been deﬁned as the ratio of the peak
energy and the signal energy between two adjacent
peaks (Disselhorst-Klug et al. 1997)]. Neither parame-
ter, however, was signiﬁcantly correlated with a high
simultaneous detection rate. Even very low amplitudes
and SNRs resulted in a high coincidence parameter
(the mean amplitude of MU 6 from Fig. 6 is 50 lV
with a SNR equal to 8 dB).
The coincidence parameter for all 435 possible MU
pairs ranged from 0 to 79% (Fig. 7). Deﬁning the
threshold by 20% concordance 15 MU pairs exceeded
the threshold. For these MUs, the coincidence parame-
ter ranged from 23 to 79%. All the other MU pairs
below this threshold ﬁred simultaneously, but depending
on the ﬁring rate the action potentials were causally
simultaneously active. They were only simultaneously
active due to chance, which was checked by the inspec-
tion of the cross-interval histograms. In spite of the large
distance between the two insertion points, we recorded
MUs that were simultaneously active in both positions
(15 MU pairs). From this it follows that the electrical
broadening of a few MUs is greater than 2 cm. High
concordance was seen in 3 out of the 15 MU pairs. The
coincidence parameter was higher than 70%. These
MUs ﬁred continuously during the 30-min computer
task [MU duration: 1428 (174) s]. The other seven MUs
did not always ﬁre continuously, as shown in Figs. 4 and
5. The coincidence parameter lay between 23 to 65%
depending on the distinction of the single MUs and the
number of superimposed MUAPs. Two MU pairs
reached high agreement for a relatively high number of
MUAPs. Figure 8 shows the cross-interval histogram
from these two MU pairs. The peaks indicating the
relationship occurred within 1 ms on both sides of zero
time delay. The number of ﬁrings ranged from 7805 to
19,378. In both cases the occurrences within ±2 ms
reached more than 70% concordance in both positions.
Fifteen percent of the MUAPs of the 15 MU pairs were
aﬀected by observed variations in amplitude of the same
MU (±28% of the maximum peak-to-peak amplitude).
Similar results were found in a previous study (Zennaro
et al. 2002), where amplitude modulations in long-term
recordings (10 min long) of more than ±30% of the
maximum peak-to-peak amplitude were observed. Al-
though slow shape changes over time are correctly de-
tected by the tracking algorithm, abrupt changes are
often misclassiﬁed as newly recruited MUs.
Fig. 4 MU activity bar plots from three subjects with concurrently
active MUs in positions 1 and 2 (asterisks). Each horizontal bar
represents the continuous activity of a single MU. Inter-ﬁring
intervals of more than 1 s are considered to be pauses. The
recording time was 1800 s
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A MU showed a weak relationship with a second
MU. The MU pair had 10,880 simultaneously detected
MUAPs in position 1 and 2 and 1632 synchronously
active ﬁrings to the MU with weak correlation. Scruti-
nizing these MUs, we could conclude that the two MUs
in position 1 were the same MU. The ﬁring rate of these
MUs revealed clear evidence that these two MUs were
actually one. Several factors accounted for the misclas-
siﬁcations. The waveforms of the MUAPs were very
similar and the signal was heavily corrupted with noise,
making it very diﬃcult to decompose the signal. It
should be noted that EMG-LODEC tends to overesti-
mate the number of MU classes because it is important
to discover all of the MUAPs trains signiﬁcantly con-
tributing to the signal and to try to minimize the number
of erroneous classiﬁcations. In addition, it is easier to
merge two MU trains into one than to split one train
into two during analysis (Stashuk 2001).
A signiﬁcant relationship for all MU pairs was found
between the active MUs in position 1 and 2 and non-
classiﬁed segments in position 2 and 1, respectively
(number of synchronously active ﬁrings was found to be
greater than 20% of the number of MUAPs in position
1 or 2). This indicates that some MUAPs were omitted
by the decomposition program due to the MUAP
changes caused by electrode or muscle movement, and
eventually by changes of membrane properties. Fur-
thermore, other factors may account for the diﬃculties
of the decomposition: ﬁrst, the low MUAP amplitude
and second, the very low SNR (the signal is heavily
overlapped with noise). The biggest reason for the
misclassiﬁcation was due to the superposition of two or
more MUAPs. At least 60% of the non-classiﬁed seg-
ments are superimposed MUAPs, which the decompo-
sition program could not decompose. The remaining
non-classiﬁed segments were assigned to the previously
described factors.
Discussion
The subjects executed a 30-min computer task to simu-
late real work conditions while working at an ergo-
nomically designed workstation, ensuring a relaxed and
comfortable body posture. The study design enabled us
ﬁrst to study the dependence of intramuscular analysis
on the insertion points and second to test the accuracy
and reliability of the decomposition technique under
laboratory conditions during a real experiment.
Fig. 5 MU activity bar plots from three subjects with concurrently
active MUs in positions 1 and 2 (asterisks). Each horizontal bar
represents the continuous activity of a single MU. Inter-ﬁring
intervals of more than 1 s are considered to be pauses. The
recording time was 1800 s
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Motor unit activity in the neighboring insertion
positions
The subjective eﬀort in the neck-shoulder muscles dur-
ing the experiment was minimal, which induced low-
threshold MUs. These low-threshold MUs may be very
small, consisting of only a small number of ﬁbers.
Depending on their exact localization, they could easily
be missed by the wires. The number of active MUs
varied among the diﬀerent localizations. The correla-
tions were weak for the number of MUs and number of
continuously active MUs between the two positions. The
de-recruitment of MUs in one position does not predict
the absence of MU activity in another location. How-
ever, the number of MUAPs showed a signiﬁcant cor-
relation between the two positions (Fig. 3). Diﬀerent
MUs were found within 2 cm of each other. Intramus-
cular EMG detection would, therefore, include a ran-
dom selection of MUs. To overcome such restrictions
the number of insertions and recordings should be high
(at least in two diﬀerent positions). Such an analysis can
only be achieved with fully automated decomposition
programs that allowed long-term analysis and rigorous
control of the quality of the decomposition results. For
particular applications, such as the decomposition of
long-term recordings, the time required for the decom-
position and the degree of interaction between the
decomposition program and the operator (manual parts)
should also be taken into account. Especially for long-
term signals, where the amount of detected segments is
high, it is impossible to decompose every signal manu-
ally.
Accuracy of the decomposition results
More and more research groups use intramuscular
EMG recordings and there is a need for evaluating
Fig. 6A, B The ﬁring pattern of
two MU pairs during the 30-
min computer task. A MU pair
ﬁred partly (A) and the other
MU pair continuously (B)
Fig. 7 The coincidence parameter for all 435 possible MU pairs.
Deﬁning the threshold by 20% concordance, 15 MU pairs exceeded
the threshold (dashed line)
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decomposed signals with respect to reliability and
accuracy, particularly for long-term recordings. Based
on artiﬁcially generated signals, our decomposition
software was capable of providing reliable decomposi-
tions with 100% accuracy (Zennaro et al. 2002). How-
ever, simulated signals cannot take into account all
physiological aspects of the muscles. Some features of
the synthetic signal may be quite diﬀerent from those of
the real signals or be completely disregarded. Further-
more, the consistency of the performance of a decom-
position system across a variety of representative signals
is very important (Stashuk 1999). The performance of
the decomposition techniques has been tested for accu-
racy and reliability on real long-term EMG signals by
comparing results relating the same MU simultaneously
detected by separate electrodes and independently
decomposed. This method provides an indirect measure
of the accuracy and reliability of real data decomposi-
tion. That is because an undetected error in the results
from one MUAP detection could occur only if a
simultaneous error of the same kind is made in
the decomposition of both recordings (Mambrito and
De Luca 1984).
We tested the accuracy of the decomposition tech-
niques during a real experiment under laboratory con-
ditions and, therefore, we had to reach a compromise
about where to insert the two electrodes. Due to
the insertion of the second electrode in parallel ﬁbers
separated by 2 cm (perpendicular with regard to muscle
ﬁber orientation), the expected number of concurrently
active MUs in both positions was small. Henneman et al.
(1965) stated that the distribution of the sizes of MUs
and the MU territory diameters, respectively, resembles
a Poisson distribution such that there are many more
smaller MUs than larger ones. The muscle ﬁbers of MUs
are approximately randomly distributed throughout a
subsection of the normal muscle and intermingled with
ﬁbers belonging to diﬀerent MUs (Sta˚lberg and Antoni
1983). A MU territory is considered as the circular cross-
sectional area in which all the ﬁbers of a MU are located
(Fuglevand et al. 1993; Stashuk 1993). The size of a
MU’s territory is determined by both the MU ﬁber
density and the number of ﬁbers belonging to the MU.
Assuming that the distribution of muscle ﬁber diameters
within a MU is constant across all sizes of MUs, it can
be concluded that the size of a MU’s territory is directly
dependent on the size of the MU (Stashuk 1993). This in
turn suggests that the more the larger MUs are near the
two positions, the more likely it is that concurrently
active MUs will be recorded. As a result of the muscle
architecture, concurrently active MUAPs were observed
when probably large MUs in the vicinity of the two
electrodes were active.
The coincidence parameter ranged from 0 to 79%, as
shown in Fig. 7. It must be remembered that to detect
MUAPs of maximum amplitude and sharpness, the
electrodes should be close to active muscle ﬁbers. That
will, in turn, cause detected MUAPs to be more distinct,
with respect to noise and sharpness. With wires, the
muscle territories could not be explored to improve the
signal quality. Thus, it is not surprising that the results
of the two decompositions do not overlap 100% over the
entire 30 min. If we only took parts of the long-term
signals, an accuracy of 100% was achieved (note the
nearly identical ﬁring rate of the MU pairs in Fig. 4
(r=0.75 and 0.91, respectively)). Similar results were
obtained by Mambrito and De Luca (1984) using needle
electrodes. The comparison of the results from three
diﬀerent contractions with two common MUAPs train
per contraction showed 100% agreement for a total of
1415 detections of the common MUAPs. In a highly
standardized situation including slight isometric ramp
contractions, Pilegaard et al. (2000) reported a coeﬃ-
cient of variation of 9% when describing the number of
ﬁrings detected by two independent operators. Similar
accuracy was achieved in the best of our recordings. In
good conditions, long-term intramuscular recordings
using wire electrodes may yield results of the same
quality as achieved by needle recordings and computer-
assisted, visually controlled decomposition. Frequently
used parameters for signal quality (MUAPs amplitude
and SNR) do not allow one to estimate the accuracy and
reliability of the decomposition results. Recordings that
were achieved by using ampliﬁers of high quality,
amplitude height and the SNR had minimal inﬂuence on
the decomposition quality (Zennaro et al. 2002). It fol-
lows that the morphological parameters of the MUAPs
Fig. 8 An example of two cross-interval histograms from two
diﬀerent subjects during a 30-min computer task. For subject 1 the
reference MU (position 1) ﬁred 7805 times, and the appropriate
MU in position 2, 8887. The number of occurrences is 4534. For
subject 2 the MU in position 1 ﬁred 17,054 times and the
appropriate MU in position 2 19,378. The number of occurrences is
11,405
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and the characteristic parameters of the signals do not
suﬃce to describe the quality of intramuscular EMG
signals.
Diﬃculty arises when two or more discharges overlap
in time to produce superposition. Resolving superposi-
tions, i.e., determining the identities of the involved
MUAPs and their precise time of occurrence, has been a
major challenge in EMG decomposition. There are two
fundamentally diﬀerent methods. The ﬁrst is the mod-
eling approach (Stashuk 2001). It is based on synthe-
sizing superimposed waveform models by adding up
combinations of MUAP templates with relative time
shifts. The second method is the peel-oﬀ or sequential
approach (Stashuk 2001). It is based on matching
MUAPs with the superimposed waveform. The latter
method is used in our decomposition program, but the
decomposition is limited to two overlapping MUAPs.
Thus, to achieve higher concordance, the decomposition
of superpositions must be improved. A reduction of the
non-classiﬁed MUAPs would considerably increase the
accuracy of the decomposition results. A decomposition
program always represents a compromise between
accuracy and the number of non detected MUAPs. In
our opinion, it is more important that the decomposition
results be accurate than to classify all MUAPs (e.g.,
superimposed MUAPs). The risk of missing MUAPs is
higher than falsely identifying diﬀerent MUAPs in the
same category. This means that we may fail to identify a
MUAP in a situation where it is active.
Another signiﬁcant question, which is still not fully
resolved, is if diﬀerent MUs have been classiﬁed as the
same MU. The MUAP waveforms of the MUs are very
similar, especially when using wire electrodes. It is very
diﬃcult to completely eliminate this source of error, but
the use of modeling could be helpful. Knowledge of the
inﬂuence of wire movement and MUAP shape changes
over time could be useful in determining if there are MU
substitutions or shape changes in continuously active
MUs.
The use of intramuscular techniques is useful when-
ever the activity of a single MU is of interest. Based on
the results, EMG-LODEC is capable of providing reli-
able decompositions with satisfactory accuracy and
reasonable processing time. EMG-LODEC is suitable
for the study of MU discharge patterns and recruitment
order in subjects with and without musculoskeletal pain
during long-term measurements to study work-related
musculoskeletal disorders.
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